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Abstract: Making projections with models is always difficult and climate change poses a particularly
challenging problem for biophysical models which tend to be over-parameterized and have poor
predictive power when extrapolations are beyond the range of the calibration. It is common practice to
assume that if a calibrated model replicates observations reasonably well, predictions under other
conditions will also be reasonably good. Unfortunately, this assumption is not always correct, as we
show for prediction of nitrate loss from a tile-drained, corn-soybean experiment in Northern Iowa.
The RZWQM is a biophysical process model that simulates plant growth and movement of water and
nutrients in agricultural systems. Using experimental data over 12 years, we investigated the
robustness of RZWQM predictions of crop yield, subsurface drainage flow, and nitrate-N loss of
multiple model calibrations using the PEST parameter estimation software.
Model prediction robustness was found to be related to the range of soil moisture conditions in the
calibration data. Calibration data representing a particular range of Palmer Drought Severity Index
(PDSI) allow a calibration able to predict performance in years exhibiting a similar range of PDSI. We
found that the addition of a single year’s data identified by PDSI to a five-year calibration improved
Nash-Sutcliffe model efficiency coefficient (NSE) from -0.22 to 0.7 and achieved nearly all of the
improvement possible using all available observations. The range of PDSI was found to be a suitable
measure of the information content of hydrologic calibration data for RZWQM and useful in assessing
the range of robust prediction.
Modelers must use extreme caution when making projections for conditions beyond the range of
available calibration data. Indicators of model projection robustness are necessary to build confidence
in extrapolations under a changing climate. We propose and demonstrate the PDSI as an robustness
indicator for projections of the movement of water in biophysical models.
Keywords: model prediction robustness; climate change; RZWQM, PEST, PDSI
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INTRODUCTION

One of the primary uses of models is to make predictions about performance of a system under
conditions that have not yet been observed. Models have long served this purpose well because of
the availability of historical observations with which we could calibrate models and then use the
models to make predictions that effectively interpolate between observed conditions. This approach is
valid so long as the deviations from observed conditions are not too large and the system is relatively
stationary. Making model predictions under a changing climate, however, when the system structure
may not be invariant and the system may exhibit previously unobserved behaviour so that predictions
are no longer just reproducing historical observations, is an important challenge for modellers. What is
needed are quantitative metrics that can be used to measure the suitability of a particular model or
model calibration to make projections of future conditions under a changing climate.
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Because process-based ecosystem models tend to be over-parameterized they often have poor
predictive power when results are extrapolated beyond the range of the calibration (i.e., scope of the
parameterization). This is because over-parameterization leads to the problem of equifinality in which
multiple combinations of parameter values result in equally accurate outputs (Beven 2006). Various
tests to balance parsimony against goodness-of-fit have been proposed, but these have little ability to
increase the ability of a model to generalize predictions into a different domain (Forster 2000). Various
operational tests, such as split sample tests (Klemes 1986, Coron at al. 2012, Refsgaard et al. 2013)
provide a basic set of safeguards against the use of simulation models for tasks beyond their
capabilities but are limited by the availability of experimental data for model testing.
Agricultural system models like the Root Zone Water Quality Model (RZWQM) are increasingly used
as a supplement to field based experimentations in agricultural research, management and decision
making. RZWQM is often used to make predictions of environmental behavior such as hydrologic and
chemical responses under a changed climate (Islam at al. 2012, Ko et al. 2012). Caution is required in
how models are used to predict biophysical system function under climate change, as demonstrated
here for RZWQM. Methods are needed to more accurately assess the robustness of model
performance under novel conditions such as an altered climate. The range of the Palmer Drought
Severity Index (PDSI) is proposed and demonstrated as a metric useful in evaluating the prediction
robustness of soil-plant-atmosphere (biohydrologic) models.
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METHODS AND MATERIALS

Experimental data were from the Iowa State University Agriculture Drainage Water Quality site near
Gilmore City in Pocahontas County, Iowa (42.75° N, 94.49° W), details of the experiments, the
drainage design and the plot layout are described in Lawlor et al. (2008). Corn-soybean plot data from
1990 to 1993, 2005 to 2009 and 2011 to 2013 were used for RZWQM calibration. Data from other
years were either missing or of insufficient quality.
RZWQM version 2.75 was used to simulate crop growth, tile flow and nitrate loss at field scale. The
values of parameters representing soil physical and chemical properties, hydraulic control,
background chemistry, heat transfer, soil organic carbon (SOC) and residue condition were taken
from Qi et al. (2011). The timing of specific field management activities such as planting, harvest,
tillage and fertilization were taken from field logs from 1989 to 2013. Meteorology data were obtained
from an on-site weather station. Four sets of RZWQM calibrations were carried out using different
calibration data: (1) calibration with experimental data from 2005 to 2009 via inverse modeling
(CAL1); (2) calibration with all available experimental data from 1990 to 1993, 2005 to 2009 and 2011
to 2013 (CAL2); (3) calibration with experimental data from 2005 to 2009 plus 1993 (CAL2+1993);
and (4) calibration with experimental data from 2005 to 2009 plus 2013 (CAL2+2013).
RZWQM calibration was performed using the inverse modeling software PEST which allows the
simultaneous estimation of multiple model parameters (Doherty 2010). RZWQM was coupled with
PEST as described in (Nolan et al., 2011). All of the adjustable RZWQM parameters were logtransformed to enhance the linear relationship between the parameters and simulated values
(Doherty and Hunt 2010). Singular value decomposition (SVD) was used to provide numerical stability
to the inverse algorithm and regularize the transformation of the matrix. Goodness of fit of the
RZWQM calibrations was measured by percent bias (PBIAS) and relative root mean square error
(RRMSE), Nash-Sutcliffe efficiency (NSE), and RMSE-observations standard deviation ratio (RSR)
(Moriasi et al. 2007).
The Palmer Drought Severity Index (PDSI) is a meteorological drought index that measures the
change of soil moisture content over time by accounting for the antecedent precipitation, soil moisture
supplies and demand into a hydrological accounting system (Dai et al., 2004, Pamler, 1965). The
PDSI values ranging from -10 (dry) to 10 (wet) indicate the severity of a wet or dry spell. PDSI has
been used for drought monitoring under different climatic conditions across the United States and on
several continents (Domonkos et al., 2001; Wells et al., 2004). Strong correlation between PDSI and
soil moisture content in the top 100 cm has been observed during warm months in regions around the
world (Dai et al., 2004; Mika et al., 2005; Szép et al., 2005). In this study, PDSI value ranges were
tested for use as proxies of the amount of soil moisture related information contained in calibration
data sets.
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RESULTS

In previous work, Qi et al. (2011) manually calibrated the RZWQM model using observations from
2005 to 2009. Calibration for this period was repeated using the PEST inverse modelling software as
CAL1. The parameter values that resulted from CAL1 were essentially identical to those found by Qi
et al. (2011). Predictions of crop yield, tile flow and nitrate-N loss from CAL1 matched very well the
experimental data for the period 2005 to 2009. When evaluated against the 5 years of calibration
data, the difference in simulated and observed yields were less than 15% and the RRMSE of corn
and soybean yield were both less than 25%. Simulated tile flow and nitrate-N loss were also very
similar to the observed data over the 5 years from 2005 to 2009, with Nash-Sutcliffe efficiencies
(NSE) of 0.89 and 0.96, respectively.
When used to simulate the observations of the other 7 years available (1990 to 1993 and from 2011
to 2013), however, CAL1 was not able to provide acceptable predictions of tile flow and nitrate-N loss
(Figure 1a). Tile flow was underestimated by from 14% to 36% in 5 out of 7 years and nitrate-N loss to
drainage water was overestimated by 26% to 120.7% in 5 out of the 7 years. In the drought year of
2012, the simulated tile flow and nitrate-N loss to drainage water were overestimated by 208% and
968%, respectively. Evaluating the prediction performance of CAL1 for the full 12 years of
observations shows the NSE for tile flow and nitrate-N loss decreased significantly from 0.89 to 0.72
and from 0.96 to -0.22, respectively. The RSR and RRMSE of tile flow increased from 0.33 to 0.53
and from 0.16 to 0.29, respectively. The RSR and RRMSE of nitrate-N loss increased from 0.20 to 1.1
and from 0.085 to 0.55, respectively.

Figure 1. Simulated and observed NO3-N loss to drainage water for calibrations. CAL1 is accurate for
the years represented in its calibration data (2005-2009), but is not accurate for other years (panel a).
Calibrating with data from 2005-2009 and only 1993 or 2013 yields nearly as much improvement as
using all available data (panel b).

The second calibration, CAL2, used all available observations. Not surprisingly, this calibration was
able to simulate crop yield, NO3-N loss and tile flow for all years with much greater accuracy (see
Table 1). CAL2 represents the best calibration that is possible with the available observations.
Calibrations made using observations from 2005 to 2009 plus 1993 or 2013 (CAL1+1993 and
CAL1+2013) achieved nearly all of the improvement in prediction of NO3-N loss to drainage water
realized using all available observations (CAL2). The RSR, RRMSE and NSE of simulated NO3-N loss
to drainage water were 0.67, 0.57 and 0.28 for CAL1+1993 and 0.71, 0.54 and 0.27 for CAL1+2013.
No significant improvement in prediction of crop yield and tile flow was realized through calibrations
CAL1+1993 and CAL1+2013 relative to CAL1.
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Table 1. Evaluation of RZWQM prediction of crop grain yield, tile flow and nitrate-N loss in tile flow
from four calibrations showing that prediction performance is closely related to the Palmer Drought
Severity Index (PDSI) range of the calibration data. Prediction performance is measured with NashSutcliffe model efficiency (NSE), RMSE-observations standard deviation ratio (RSR), percentage bias
(PBIAS) and the relative root mean square error (rRMSE).

PDSI
range

CAL1
[-3.2, 2.9]

CAL2
[-5.4, 5.3]

CAL1+1993
[-3.2, 5.3]

CAL1+2013
[-5.4, 2.9]

-1

Crop yield (Mg ha )
PBIAS
(corn)
PBIAS
(soybean)
RRMSE
(corn)
RRMSE
(soybean)

1%

1%

4%

14%

3%

-4%

-1%

8%

23%

24%

31%

27%

15%

22%

20%

18%

Tile flow amount (cm)
NSE

0.72

0.70

0.72

0.73

RSR

0.53

0.55

0.53

0.52

PBIAS

10%

9%

5%

9%

RRMSE

29%

30%

29%

28%
-1

Nitrate loss in tile flow (kg N ha )

3.1

NSE

-0.22

0.73

0.67

0.71

RSR

1.10

0.52

0.57

0.54

PBIAS

-35%

10%

1%

-18%

RRMSE

55%

26%

28%

27%

Calibrations and PDSI Ranges

Monthly PDSI values were calculated for all 12 years for which observational data were available and
are shown in Figure 2. The range of the PDSI represented in a calibration set as shown in Figure 2
and Table 1, is highly correlated with the accuracy of the model predictions made with that calibration,
particularly predictions of the NO3-N loss. Across all, the calibrations using data representing wider
PDSI ranges resulted in a higher NSE of predicted NO3-N loss to drainage water, where higher NSE
represents stronger model predictive power. The NSE of RZWQM simulated NO3-N loss was
positively correlated with the width of the PDSI range represented by the calibration data with a
correlation coefficient of 0.8. PDSI range represented by the CAL1 calibration data ranged from -3.2
to 2.9, much wider ranges were represented by calibration data of CAL2, CAL1+1993 and
CAL1+2013 with PDSI ranges from -5.4 to 5.3, -3.2 to 5.3, and -5.4 to 2.9, respectively.

3.2

Calibrated Model Parameters

In the calibration process, PEST was given access to 27 of the 39 parameters of the RZWQM model.
In general, the parameters adjusted are those governing the movement and storage of soil water,
decomposition and immobilization of organic matter and the growth of corn and soybean. In the first
calibration, CAL1, calibration did not result in any significant change in the values of RZWQM
parameters that had resulted from the manual calibration of Qi et al. (2011). The subsequent
calibrations (CAL2, CAL1+1993 and CAL1+2013) resulted in changes to the values of the same 26
RZWQM parameters and 17 of them were changed in the same direction in all calibrations. Additional
information about the calibration process and results are available from the authors upon request.
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Figure 1. Monthly Palmer Drought Severity Index (PDSI) values for all years. The range of PDSI
represents the amount of soil moisture-related information contained in the data and therefore
determines the range of climate conditions over which a calibration is likely to be accurate.
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DISCUSSION

It is clear from panel (a) of Figure 1 that a model that is well-calibrated to a reasonably large and highquality data set may still produce very poor predictions of system performance under conditions that
are outside the scope of the calibration data. What is considered ‘satisfactory’ model performance is a
matter of judgment and depends on the intended use of the model, however, the literature suggests
some general guidelines. Hanson (1999) and Liu et al. (2011), suggest that model performance can
be considered satisfactory if PBIAS is within ±15% and RRMSE is less than 30%. Moriasi et al.
(2007), suggest that NSE should be greater than 0.50 and RSR should be less than 0.70 to be
considered satisfactory. By these measures, the RZWQM predictions of crop yield and tile flow were
satisfactory for all calibrations. Predictions of NO3-N loss to drainage water were only satisfactory in
CAL2, CAL1+1993 and CAL1+2013 (see Table 1).
The parameterizations of the four calibrations (not reported here) were substantially different. Despite
quite different parameterizations, the predictions of crop yield and tile flow were satisfactory in all
calibrations while prediction of NO3-N loss to drainage water was only satisfactory in the three
calibrations using data with larger PDSI variability. This demonstrates that there are multiple RZWQM
parameterizations that provide good prediction performance in crop yield and tile flow, but the values
of parameters controlling NO3-N loss were only appropriately constrained by calibration sets with a
wide range of PDSI.
The field management, crop cultivars, and soil characteristics were identical among the four
calibrations. The difference among the calibrations was the weather variability and resulting soil
moisture condition. Simulated NO3-N loss is sensitive to soil moisture condition so weather variability
translated into the change in soil moisture conditions should be a good measure of the information
content of observation data and can guide the search for appropriate data to reduce the predictive
uncertainty of NO3-N loss predictions. We propose the use of the PDSI as an indicator of soil moisture
related information content in calibration data. We have evaluated this use of the PDSI by comparing
the prediction performance of NO3-N loss for four model calibrations with the PDSI range represented
by the calibration data. We found a strong positive correlation (r = 0.8) between the range of PDSI
represented in calibration data and the RZWQM prediction performance of NO3-N loss to drainage
water. As shown in Table 1, the closer the PDSI range represented in the calibration data is to that of
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the conditions for which a prediction is desired, the better the prediction. The PDSI range represented
in calibration data of CAL1, CAL2, CAL1+2013 and CAL1+1993 were from -3.2 to 2.9, -5.4 to 5.3, -3.2
to 5.3 and -5.4 to 2.9, respectively. Significant improvement in prediction performance of CAL2,
CAL1+1993 and CAL1+2013 relative to CAL1 is consistent with the expansion of PDSI range
represented in calibration data. No or little improvement in prediction of NO3-N loss resulted from
several other calibrations (results not shown) that used the CAL1 data (2005 to 2009) and added data
from one additional year (e.g., 1990, 2011). This lack of improvement can also be explained by the
similarity of PDSI range represented by these calibration data sets to that of CAL1, suggesting that
calibration of the model components governing the NO3-N loss-related processes were equivalently
well informed by the information contained in these datasets.
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CONCLUSIONS AND RECOMMENDATIONS

The aim of this paper is not to propose a universal or final solution to the problem of predicting the
robustness of a model parameterization in making predictions about behaviour outside the scope of
the calibration data. Rather, we wish to remind ourselves and our colleagues of the dangers inherent
in assuming that a well-calibrated biophysical model, that has high predictive power over the range of
previously observed conditions, will also function well in predicting performance outside of that range.
Quantitative measures that allow us to predict the predictive robustness of a particular model or model
parameterization are needed, particularly in this time of changing climate. We further suggest that it is
likely that different indicators will be useful for different types of models or model functions.
Our suggestion of using the PDSI to characterize the information content of a dataset from a soil
moisture point of view is one attempt to identify a simple measure that can be used to summarize the
combined impact of multiple antecedent supplies and demands of soil moisture, which is the most
important mediator of the loss of soil nitrate. The PDSI is attractive because it is easily calculated from
a minimal set of parameters that are readily available from climate predictions.
Our results indicate that the robustness of RZWQM predictions of NO3-N loss in drainage water
depends on the range of soil moisture condition represented in the calibration data relative to the
conditions that exist in the extrapolation period. The use of PDSI as a measure of the soil moisture
condition was demonstrated and its use is expected to be extendable to other models and model
outputs that are sensitive to change in soil moisture. Other quantitative measures that represent other
important mediating processes need to be identified and tested as measures for evaluating the
robustness of predictions of other model outputs and models of different typologies. Finding metrics
that allow us to predict when a model is likely to have good extrapolative power (and when it does
not) should be a high priority for those engaged in environmental modelling.
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